The translation model of statistical machine translation systems is trained on parallel data coming from various sources and domains. These corpora are usually concatenated, word alignments are calculated and phrases are extracted. This means that the corpora are not weighted according to their importance to the domain of the translation task. This is in contrast to the training of the language model for which well known techniques are used to weight the various sources of texts. On a smaller granularity, the automatic calculated word alignments differ in quality. This is usually not considered when extracting phrases either.
Introduction
Two types of resources are needed to train statistical machine translation (SMT) systems: parallel corpora to train the translation model and monolingual texts in the target language to build the language model. The performance of both models depends of course on the quality and quantity of the available resources.
Today, most SMT systems are generic, i.e. the same system is used to translate texts of all kinds. Therefore, it is the domain of the training resources that influences the translations that are selected among several choices. While monolingual texts are in general easily available in many domains, the freely available parallel texts mainly come from international organisations, like the European Union or the United Nations. These texts, written in particular jargon, are usually much larger than in-domain bitexts. As an example we can cite the development of an NIST Arabic/English phrase-based translation system. The current NIST test sets are composed of a news wire part and a second part of web-style texts. For both domains, there is only a small number of in-domain bitexts available, in comparison to almost 200 millions words of out-of-domain UN texts. The later corpus is therefore likely to dominate the estimation of the probability distributions of the translation model.
It is common practice to use a mixture language model with coefficients that are optimized on the development data, i.e. by these means on the domain of the translation task. Domain adaptation seems to be more tricky for the translation model and it seems that very little research has been done that seeks to apply similar ideas to the translation model. To the best of our knowledge, there is no commonly accepted method to weight the bitexts coming from different sources so that the translation model is best optimized to the domain of the task. Mixture models are possible when only two different bitexts are available, but are rarely used for more corpora (see discussion in the next section).
In this work we propose a new method to adapt the translation model of an SMT system. We only perform experiments with phrase-based systems, but the method is generic and could be easily applied to an hierarchical or syntax-based system. We first associate a weighting coefficient to each bitext. The main idea is to use resampling to produce a new collection of weighted alignment files, followed by the standard procedure to extract the phrases. In a second step, we also consider the alignment score of each parallel sentence pair, emphasizing by these means good alignments and down-weighting less reliable ones. All the parameters of our procedure are automatically tuned by optimizing the BLEU score on the development data.
The paper is organized as follows. The next section describes related work on weighting the corpora and model adaptation. Section 3 describes the architecture allowing to resample and to weight the bitexts. Experimental results are presented in section 4 and the paper concludes with a discussion.
Related Work
Adaptation of SMT systems is a topic of increasing interest since few years. In previous work, adaptation is done by using mixture models, by exploiting comparable corpora and by selfenhancement of translation models.
Mixture models were used to optimize the coefficients to the adaptation domain. (Civera and Juan, 2007) proposed a model that can be used to generate topic-dependent alignments by extension of the HMM alignment model and derivation of Viterbi alignments. (Zhao et al., 2004) constructed specific language models by using machine translation output as queries to extract similar sentences from large monolingual corpora. (Foster and Kuhn, 2007 ) applied a mixture model approach to adapt the system to a new domain by using weights that depend on text distances to mixture components. The training corpus was divided into different components, a model was trained on each part and then weighted appropriately for the given context. (Koehn and Schroeder, 2007) used two language models and two translation models: one in-domain and other out-of-domain to adapt the system. Two decoding paths were used to translate the text.
Comparable corpora are exploited to find additional parallel texts. Information retrieval techniques are used to identify candidate sentences (Hildebrand et al., 2005) . (Snover et al., 2008) used cross-lingual information retrieval to find texts in the target language that are related to the domain of the source texts.
A self-enhancing approach was applied by (Ueffing, 2006) to filter the translations of the test set with the help of a confidence score and to use reliable alignments to train an additional phrase table. This additional table was used with the existing generic phrase table. (Ueffing, 2007) further refined this approach by using transductive semi-supervised methods for effective use of monolingual data from the source text. (Chen et al., 2008) performed domain adaptation simultaneously for the translation, language and reordering model by learning posterior knowledge from N-best hypothesis. A related approach was investigated in (Schwenk, 2008) and (Schwenk and Senellart, 2009) in which lightly supervised training was used. An SMT system was used to translate large collections of monolingual texts, which were then filtered and added to the training data.
( Matsoukas et al., 2009) propose to weight each sentence in the training bitext by optimizing a discriminative function on a given tuning set. Sentence level features were extracted to estimate the weights that are relevant to the given task. Then certain parts of the training bitexts were downweighted to optimize an objective function on the development data. This can lead to parameter over-fitting if the function that maps sentence features to weights is complex.
The technique proposed in this paper is somehow related to the above approach of weighting the texts. Our method does not require an explicit specification of the in-domain and out-ofdomain training data. The weights of the corpora are directly optimized on the development data using a numerical method, similar to the techniques used in the standard minimum error training of the weights of the feature functions in the log-linear criterion. All the alignments of the bitexts are resampled and given equal chance to be selected and therefore, influence the translation model in a different way. Our proposed technique does not require the calculation of extra sentence level features, however, it may use the alignments score associated with each aligned sentence pair as a confidence score.
Description of the algorithm
The architecture of the algorithm is summarized in figure 1 . The starting point is an (arbitrary) number of parallel corpora. We first concatenate these bitexts and perform word alignments in both directions using GIZA++. This is done on the concatenated bitexts since GIZA++ may perform badly if some of the individual bitexts are rather small. Next, the alignments are separated in parts corre- Figure 1 : Architecture of SMT Weighting System sponding to the individual bitexts and a weighting coefficient is associated to each one. We are not aware of a procedure to calculate these coefficients in an easy and fast way without building an actual SMT system. Note that there is an EM procedure to do this for language modeling.
In the next section, we will experimentally compare equal coefficients, coefficients set to the same values than those obtained when building an interpolated language model on the source language, and a new method to determine the coefficients by optimizing the BLEU score on the development data.
One could imagine to directly use these coefficients when calculating the various probabilities of the extracted phrases. In this work, we propose a different procedure that makes no assumptions on how the phrases are extracted and probabilities are calculated. The idea is to resample alignments from the alignment file corresponding to the individual bitexts according to their weighting coefficients. By these means, we create a new, potentially larger alignment file, which then in turn will be used by the standard phrase extraction procedure.
Resampling the alignments
In statistics, resampling is based upon repeated sampling within the same sample until a sample is obtained which better represents a given data set (Yu, 2003) . Resampling is used for validating models on given data set by using random subsets. It overcomes the limitations to make assumptions about the distribution of the data. Usually resampling is done several times to better estimate and select the samples which better represents the target data set. The more often we resample, the closer we get to the true probability distribution.
In our case we performed resampling with replacement according to the following algorithm:
Select any alignment randomly 3:
Al score ← normalized alignment score 4:
if Al score > T hreshold then end if 8: end for Let us call resampling factor, the number of times resampling should be done. An interesting question is to determine the optimal value of this resampling factor.
It actually depends upon the task or data we are experimenting on. We may start with one time resampling and could stop when results becomes stable. Figure 2 plots a typical curve of the BLEU score as a function of the number of times we resample. It can be observed that the curve is growing proportionally to the resampling factor until it becomes stable after a certain point.
Weighting Schemes
We concentrated on translation model adaptation when the bitexts are heterogeneous, e.g. indomain and out-of-domain or of different sizes. In this case, weighting these bitexts seems interesting and can be used in order to select data which better represent the target domain. Secondly when sentences are aligned, some alignments are reliable and some are less. Using unreliable alignments can put negative effect on the translation quality. So we need to exclude or down-weight Figure 2: The curve shows that by increasing the resampling factor we get better and stable results on Dev and Test. unreliable alignments and keep or up-weight the good ones. We conceptually divided the weighting in two parts that is (i) weighting the corpora and (ii) weighting the alignments
Weighting Corpora
We started to resample the bitexts with equal weights to see the effect of resampling. This gives equal importance to each bitext without taking into account the domain of the text to be translated. However, it should be better to give appropriate weights according to a given domain as shown in equation 1
where the α n are the coefficients to optimize. One important question is how to find out the appropriate coefficient for each corpus. We investigated a technique similar to the algorithm used to minimize the perplexity of an interpolated target LM. Alternatively, it is also possible to construct a interpolated language model on the source side of bitexts. This approach was implemented and these coefficients were used as the weights for each bitext. One can certainly ask the question whether the perplexity is a good criterion for weighting bitexts. Therefore, we worked on direct optimization of these coefficients by CONDOR (Berghen and Bersini, 2005) . This freely available tool is a numerical optimizer based on Powell's UOBYQA algorithm (Powell, 1994) . The aim of CONDOR is to minimize a objective function using the least number of function evaluations. Formally, it is used to find x * ∈ R n with given constraints which satisfies
where n is the dimension of search space and x * is the optimum of x. The following algorithm was used to weight the bitexts. Run Condor initialized with LM weights.
4:
Create new alignment file by resampling according to weights given by Condor.
5:
Use the alignment file to extract phrases and build the translation table (phrase table) 6:
Tune the system with MERT (this step can be skipped until weights are optimized to save time) 7: Calculate the BLEU score 8: end while
Weighting Alignments
Alignments produced by GIZA++ have alignment scores associated with each sentence pair in both direction, i.e. source to target and target to source. We used these alignment scores as confidence measurement for each sentence pair. Alignment scores depend upon the length of each sentence, therefore, they must be normalized regarding the size of the sentence. Alignment scores have a very large dynamic range and we have applied a logarithmic mapping in order to flatten the probability distribution :
where a is the alignment score, n the size of a sentence and λ a coefficient to optimize. This is also done by Condor.
Of course, some alignments will appear several times, but this will increase the probability of certain phrase-pairs which are supposed to be more related to the target domain. We have observed that the weights of an interpolated LM build on the source side of the bitext are good initial values for CONDOR. Moreover, weights optimized by Condor are in the same order than these "LM weights". Therefore, we do not perform MERT of the SMT systems build at each step of the optimization of the weights α i and λ by CONDOR, but use the values obtained by running MERT on a system obtained by using the "LM weights" to weight the alignments. Once CONDOR has converged to optimal weights, we can then tune our system by MERT. This saves lot of time taken by the tuning process and it had no impact on the results.
Experimental evaluation
The baseline system is a standard phrase-based SMT system based on the Moses SMT toolkit (Koehn and et al., 2007) . In our system we used fourteen features functions. These features functions include phrase and lexical translation probabilities in both directions, seven features for lexicalized distortion model, a word and phrase penalty, and a target language model. The MERT tool is used to tune the coefficients of these feature functions. We considered Arabic to English translation. Tokenization of the Arabic source texts is done by a tool provided by SYSTRAN which also performs a morphological decomposition. We considered two well known official evaluation tasks to evaluate our approach, namely NIST and IWSLT.
For IWSLT, we used the BTEC bitexts (194M words), Dev1, Dev2, Dev3 (60M words each) as training data, Dev6 as development set and Dev7 as test set. From previous experiments, we have evidence that the various development corpora are not equally important and weighting them correctly should improve the SMT system. We analyze the translation quality as measured by the BLEU score for the three methods: equal weights, LM weights and Condor weights and considering one time resampling. Further experiments were performed using the optimized number of resampling with and without weighting the alignments. We have realized that it is beneficial to always include the original alignments. Even if we resample many times there is a chance that some alignments might never be selected but we do not want to loose any information. By keeping original alignments, all alignments are given a chance to be se-lected at least once. All these results are summarized in tables 1, 2 and 3.
One time resampling along with equal weights gave worse results than the baseline system while improvements in the BLEU score were observed with LM and Condor weights for the IWSLT task, as shown in table 1. Resampling many times always gave more stable results, as already shown in figure 2 and as theoretically expected. For this task, we resampled 15 times. The improvements in the BLEU score are shown in table 2. Furthermore, using the alignment scores resulted in additional improvements in the BLEU score. For the IWSLT task, we achieved and overall improvement of 1.5 BLEU points on the development set and 1.2 BLEU points on the test set as shown in table 3 To validate our approach we further experimented with the NIST evaluation task. Most of the training data used in our experiments for the NIST task is made available through the LDC. The bitexts consist of texts from the GALE project 1 (1.6M words), various news wire translations 2 (8.0M words) on development data from previous years (1.6M words), LDC treebank data (0.4M words) and the ISI extracted bitexts (43.7M words). The official NIST06 evaluation data was used as development set and the NIST08 evaluation data was used as test set. The same procedure was adapted for the NIST task as for the IWSLT task. Results are shown in table 1 by using different weights and one time resampling. Further improvements in the results are shown in table 2 with the optimum number of resampling which is 10 for this task. Finally, results by weighting alignments along with weighting corpora are shown in table 3. Our final system achieved an improvement of 0.79 BLEU points on the development set and 0.33 BLEU points on the test set. TER scores are also shown on test set of our final system in table 3. Note that these results are state-of-the-art when compared to the official results of the 2008 NIST evaluation 3 .
The weights of the different corpora are shown in table 4 for the IWSLT and NIST task. In both cases, the weights optimized by CONDOR are substantially different form those obtained when creating an interpolated LM on the source side of the bitexts. In any case, the weights are clearly non uniform, showing that our algorithm has focused on in-domain data. This can be nicely seen for the NIST task. The Gale texts were explictely created to contain in-domain news wire and WEB texts and actually get a high weight despite their small size, in comparison to the more general news wire collection from LDC.
Conclusion and future work
We have proposed a new technique to adapt the translation model by resampling the alignments, giving a weight to each corpus and using the alignment score as confidence measurement of each aligned phrase pair. Our technique does not change the phrase pairs that are extracted, 4 but only the corresponding probability distributions. By these means we hope to adapt the translation model in order to increase the weight of translations that are important to the task, and to downweight the phrase pairs which result from unreliable alignments.
We experimentally verified the new method on the low-resource IWSLT and the resource-rich NIST'08 tasks. We observed significant improvement on both tasks over state-of-the-art baseline systems. This weighting scheme is generic and it can be applied to any language pair and target domain. We made no assumptions on how the phrases are extracted and it should be possible to apply the same technique to other SMT systems which rely on word-to-word alignments.
On the other hand, our method is computationally expensive since the optimisation of the coefficients requires the creation of a new phrase table and the evaluation of the resulting system in the tuning loop. Note however, that we run GIZA++ only once.
In future work, we will try to directly use the weights of the corpora and the alignments in the algorithm that extracts the phrase pairs and calculates their probabilities. This would answer the interesting question whether resampling itself is needed or whether weighting the corpora and alignments is the key to the observed improvements in the BLEU score.
Finally, it is straight forward to consider more feature functions when resampling the alignments. This may be a way to integrate linguistic knowl- 
